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iTRAQAlthough protein expression and regulation have been intensively studied, a complete picture of its mecha-
nisms is still to be drawn. Analysis of high-throughput quantitative proteomics data provides a way to better
understand protein regulation. Here, we introduce a bioinformatic analysis method to correlate protein reg-
ulation with individual amino acid patterns. We compare the amino acid composition between groups of reg-
ulated and unregulated proteins and investigate the correlation between codon usage patterns and protein
regulation levels in two Sulfolobus species in “bioﬁlm vs planktonic” experiments. The identiﬁed amino
acids can then be associated with the regulation of speciﬁc gene functions. Strikingly, our analysis shows
that functional categories of regulated proteins with similar composition and codon usage pattern of speciﬁc
amino acids behave similarly. This ﬁnding can contribute to a better understanding of protein and gene ex-
pression regulation and could ﬁnd applications in gene optimisation.
© 2012 Elsevier Inc. All rights reserved.1. Introduction
The regulation of proteins, the cell's workhorses, is key to adapta-
tion and specialization. It requires the cell to increase or decrease
protein synthesis, to activate or to deactivate proteins. Protein regula-
tion can also control the repair of damaged DNA (DNA alkylation
damage) by transferring the alkylic group from O6-alkyl-guanine or
O4-alkyl-thymine to a cysteine residue in DNA alkyltransferases [1].
Protein regulation is also involved in transcription and translation.
Most organisms adapt rapidly to dynamic changes of environment
such as changes in temperature, in nutrients, and availability or pres-
ence of chemicals. Stress conditions usually cause proteins to misfold,
resulting in their inactivation and accumulation [2]. To avoid those
problems, the cell reacts by expressing a network of chaperones, pro-
teases, and accessory factors [2].
It has been reported that amino acids play an important function
in protein expression and regulation. For example, the alteration of
the serine-arginine ratio is involved in both regulation and operation
of splicing reactions [3]; and it has been reported that amino acid
availability can regulate protein synthesis and degradation and
in turn change protein expression [4–10]. Furthermore, amino acid
composition differences have been found between orthologous pro-
teins of psychrophiles and mesophiles [11]. In addition, it has been
shown that protein expression and regulation are also correlatedoa.pham@shefﬁeld.ac.uk
oirel@shefﬁeld.ac.uk
rights reserved.with codon usage [12]. One of the leading theories tells that high-
frequency codons optimize translational efﬁciency [13,14]. Karlin et
al. [15] demonstrated that the codon usage of the predicted highly
expressed genes strongly deviates from the average genes in the ge-
nome in archaeal genomes. A genome-wide bias for rare codons in
lowly expressed genes was observed in many genomes [16]. Previous
studies have also linked the codon-usage-affected protein expression
and regulation to many other factors, e.g., tRNA composition, codon se-
quence, local codon usage bias and the order of synonymous codon
usage. A bias in codon usage can result in condition-dependent protein
regulation [17]. This observationwas hypothesized to be due to the fact
that tRNA composition regulates according to environmental changes.
As a result, theways that codon usage pattern affects protein expression
changes. The relationship between protein expression and codon usage
pattern was further investigated by evaluating the folding energy of
mRNA in the work by Kudla et al. [18]. The study showed that protein
expression level is highly correlated with codon sequence patterns.
Tuller et al. [19] showed that highly expressed proteins prefer more
rare codons in the ﬁrst 30–50 codons. It was also found that changing
the order of synonymous codon usage for the subsequent same amino
acids alternates protein expression [20].
Previous studies indicate that protein expression and regulation
are ubiquitously correlated with amino acids and their codon usage
in intricate ways. The investigation of the correlation between the
protein regulation, amino acid composition and codon usage pattern
may thus help us to better understand the cell regulatory mecha-
nisms and in many cases how protein regulation is involved in the
(often poorly understood) protein networks [21]. However, an efﬁ-
cient bioinformatic method to systematically explore such
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241X. Zou et al. / Genomics 100 (2012) 240–244relationships in the context of high-throughput proteomics has not
yet been developed. Here, we propose a bioinformatic approach to in-
vestigate the correlation between protein regulation, amino acid
composition and codon usage pattern with a view on uncovering
functional relationships or generating mechanistic hypotheses. In a
ﬁrst analysis, we explore the correlation between protein regulation
and amino acid composition by comparing the amino acid composi-
tion between the groups of regulated and unregulated proteins. The
contribution of codon usage pattern to protein regulation is investi-
gated in a second analysis, by using linear regression model. Finally,
the amino acids thus identiﬁed are viewed in the context of the regu-
lation of gene functional categories COG (http://archaea.ucsc.edu/
arCOGsBrowser/). The proposed method is applied to the analysis of
iTRAQ-mediated proteomics datasets (see elsewhere for an overview
of iTRAQ [22,23]) obtained from the hyperthermophilic crenarchaea
Sulfolobus solfataricus and Sulfolobus acidocaldarius in bioﬁlm vs
planktonic experiments [24].Fig. 1. By using linear regression models, A the codon usage pattern of glycine and leu-
cine are found to be correlated with the down-regulation of proteins and B phenylala-
nine and proline are correlated with the up-regulation of proteins. The plot is obtained
using 1000 iterations. The y axis is the total counts of the signiﬁcantly high correlation
between the codon usage pattern of individual amino acids and protein regulation over
1000 iterations. For each iteration, 62 proteins are randomly selected from each of the
three groups, respectively. Higher peaks indicate a tighter, more signiﬁcant relation-
ship between the codon usage pattern and protein regulation.
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2.1. Sulfolobus solfataricus
The whole proteomics dataset obtained from a bioﬁlm vs plank-
tonic experiment is split into up-regulated, unregulated and down-
regulated protein groups. This was done as described elsewhere
[24] (with extensive detail provided in the supplementary materials);
brieﬂy, a t-test was carried out to test whether, for one given protein,
one iTRAQ reporter ion's intensities (e.g., 113 Da) were signiﬁcantly
different from that of another iTRAQ reporter ion (e.g., 115 Da). The
test was performed so as to take into account sample bias and biolog-
ical replication. The up-regulated group contained 69 proteins, the
down-regulated group 75 and the remaining 331 proteins were cate-
gorized as unregulated.
First, by comparing the amino acid compositions between the
three groups, we found that histidine, leucine and arginine have dif-
ferent median compositions in the two regulated groups. However,
only arginine has the same median composition in the up-regulated
and the unregulated groups while having a signiﬁcantly larger medi-
an composition in the down-regulated (see Table 1 and Table A.1).
Therefore, the down-regulated proteins contain proportionately more
arginine. The composition distributions of arginine in the down- and
up-regulated groups are shown in Fig. A.1.
Second, by correlating the codon usage pattern with the protein
regulation level using linear regression models as explained in the
Materials and methods (see also Appendix A), we found that the
amino acids glycine and leucine in the down-regulated group and
phenylalanine and proline in the up-regulated group are more corre-
lated to protein relative expression than the other amino acids (see
Fig. 1). Fig. 1A indicates that down-regulation of proteins is correlated
with the codon usage pattern of the amino acids glycine and leucine.
Similarly, up-regulation of proteins is correlated with the codon
usage patterns of phenylalanine and proline (see Fig. 1B).
Finally, the amino acids identiﬁed above (i.e., arginine, glycine,
leucine, phenylalanine and proline) are associated with the regula-
tion of functional groups of proteins. The gene function distributionsTable 1
The amino acids with different median compositions between groups. ‘*’ indicates
pb0.01.
Ala Asp Phe Gly His Ile Leu Asn Gln Arg
Up-/down-regulated * * *
Up-regulated/unregulated * *
Down-regulated/
unregulated
* * * * * *of all of the up- and down-regulated proteins are shown in Fig. 2. It
can be seen that gene function J (Translation; ribosomal structure
and biogenesis) is dominant for the down-regulated group (Fig. 2A),
and gene functions G (Carbohydrate transport and metabolism), K
(Transcription) and L (Replication; recombination and repair) are
the most abundant for the up-regulated group (Fig. 2B). To associate
the identiﬁed amino acids with the regulated gene functions, the gene
functions of the proteins rich or poor in the identiﬁed amino acids
were assessed. Regarding arginine (found from the ﬁrst part of our
analyses, see Table 1), we observe that many down-regulated pro-
teins contain a high fraction of arginine (see Table A.1). The gene
functions distribution of the down-regulated proteins being rich in
arginine can be seen in Fig. 3. Compared to Fig. 2A, all the gene func-
tions but J (translation; ribosomal structure and biogenesis) were es-
sentially suppressed. Down-regulation of gene function J (translation;
ribosomal structure and biogenesis) is therefore associated with argi-
nine. Similarly, glycine (identiﬁed in the second part of our analyses)C D E F G H I J K L M N O P Q R S T U V X
0
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Fig. 2. The gene function distributions of the regulated proteins identiﬁed from the
S. solfataricus proteomic dataset, A down-regulated proteins, B up-regulated proteins.
The y axis is the frequency of the gene functions in the regulated groups and the x
axis is the gene function categories. The descriptions of the gene function categories
are given in Table A.2.
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Fig. 3. To associate the identiﬁed amino acid arginine with gene function regulation,
the gene function distribution of the down-regulated proteins that are rich in arginine
is plotted. The ﬁgure shows that those proteins mainly belong to the gene function ‘J’.
There are 29 down-regulated proteins (out of 75) that are considered arginine rich, and
among them, 21 proteins belong to gene function ‘J’.
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Fig. 4. The gene function distributions of the regulated proteins identiﬁed from the
S. acidocaldarius proteomic dataset, A down-regulated proteins, B up-regulated pro-
teins. The y axis is the frequency of the gene functions in the regulated groups and
the x axis is the gene function categories.
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bosomal structure and biogenesis) and E (amino acid transport andme-
tabolism); down-regulated proteins poor in leucine are associatedwith
J (translation; ribosomal structure and biogenesis); up-regulated pro-
teins rich in phenylalanine are associated with G (carbohydrate trans-
port and metabolism); up-regulated proteins poor in proline are
associated with K (transcription) and L (replication; recombination
and repair).2.2. Sulfolobus acidocaldarius
The same bioinformatic method was also applied for the analysis
of proteomics data of S. acidocaldarius obtained in a similar bioﬁlm vs
planktonic experiment. The proteomic dataset is split into up-regulated,
unregulated and down-regulated groups using the same principles
[24]: the up-regulated group contains 75 proteins, the down-regulated
group 60 and the remaining 327 proteins are categorized as unregulated.
First, in terms of amino acid composition alone, no amino acid
candidate can be identiﬁed as being involved, directly or indirectly,
in protein expression regulation by comparing the amino acid com-
position between the groups. Second, by using the proposed method
based on the linear regression model, we ﬁnd that down-regulation
of proteins is correlated with the codon usage pattern of the amino
acid arginine; up-regulation of proteins is correlated with the codon
usage pattern of aspartic acid, glutamine and proline. Finally, we
assess the gene functional relevance of those amino acids (arginine,
aspartic acid, glutamine and proline). The gene function distributions
of all of the up- and down-regulated proteins are shown in Fig. 4.
Using the method presented above, the regulated gene functions,
e.g., the down-regulated gene function O (posttranslational modiﬁca-
tion; protein turnover; chaperones) and up-regulated gene function
K (transcription), L (replication; recombination and repair) and O
(posttranslational modiﬁcation; protein turnover; chaperones) can
be associated with individual amino acids. As a result, up-regulation
of gene function L (replication; recombination and repair) is associated
with aspartic-acid-rich proteins; up-regulation of gene functions L (rep-
lication; recombination and repair) and K (transcription) are associated
with proline-poor proteins; up-regulation of gene functions K (transcrip-
tion) and O (posttranslational modiﬁcation; protein turnover; chaper-
ones) are associated with glutamine-rich proteins; down-regulation of
gene function O (posttranslational modiﬁcation; protein turnover; chap-
erones) is associated with arginine-poor proteins.3. Discussion
In this article, we proposed a novel bioinformatic approach to in-
vestigate the relationship between protein regulation and individual
amino acids based on proteomic data, protein and gene sequence da-
tabases. The proposed method was applied to the analysis of proteo-
mic data comparing the bioﬁlm vs planktonic states of two Sulfolobus
species. Our results showed that protein regulation is correlated with
the composition and codon usage pattern of certain amino acids in
proteins. By associating the identiﬁed amino acids to regulation of
gene functions, we found that functional categories of proteins with
similar behavior in the same condition were characterized by the spe-
ciﬁc composition and/or codon usage pattern of amino acids. This
ﬁnding corroborates the results obtained based on different datasets
using a completely different approach [25]. However, in contrast to
[25], which assumes that protein regulation is correlated with general
codon usage pattern and amino acid composition, our work shows that
protein regulation is actually correlated with only a few key amino
acids. Furthermore, we found that proline-poor proteins in gene func-
tions L (Replication; recombination and repair) and K (Transcription)
are up-regulated, with this being observed in both Sulfolobus species.
This implies that complex mechanisms of protein regulation seem to be
dependent on gene function categories in various conditions. In particu-
lar, for a whole gene function category, it is unlikely there is a simple
amino acid preference rule, because in our results, the amino acid charac-
teristics are obtained from the regulated proteins, which are only a small
proportion of the whole gene function categories.
Our analysis demonstrated that the regulation of functional groups
of certain proteins was correlated with the codon usage pattern of
amino acids. This can be explained by codon usage dependent transla-
tional efﬁciencies in various conditions. This corroborates the ﬁndings
presented elsewhere [17]. For example, from the S. acidocaldarius anal-
ysis, we found that some up-regulated proteins contained speciﬁc
codon usage pattern of aspartic acid. The speciﬁc codon usage pattern
of aspartic acid could thus promote up-regulation of proteins; this is a
hypothesis that is testable in the laboratory with important bioengi-
neering applications. In contrast, the speciﬁc codon usage pattern of
proline may reduce the translational efﬁciency, since proline is avoided
in some up-regulated proteins. We also found that aspartic acid and
proline were all correlated with the up-regulation of gene function L
(Replication; recombination and repair). One possible explanation of
this ﬁnding is that the up-regulation of those genes combined the two
effects just described. Indeed, when evaluating the gene function distri-
bution of the up-regulated proteins being rich in aspartic acid and poor
243X. Zou et al. / Genomics 100 (2012) 240–244in proline at the same time, only proteins belonging to gene function L
(replication; recombination and repair) are conserved.
The proposed bioinformatic approach may shed light on further
investigations of the mechanisms of protein regulation. In previous
studies, e.g., [17,18], synonymous codons were randomly substituted,
and the substitutions resulted in signiﬁcant protein regulation. How-
ever, those studies were not able to show which speciﬁc codons play
a key role in protein regulation. This issue can be tackled by the pro-
posed approach. By investigating the codon usage pattern of those
amino acids which are tightly correlated with protein regulation,
the effect of codon usage on protein regulation can be more precisely
evaluated, which may lead to a better understanding of the mecha-
nisms of protein regulation and applications in gene optimization.
Furthermore, protein regulation may also be affected by amino
acid properties, since we identiﬁed an amino acid through amino
acid composition comparison. However, as only one amino acid was
identiﬁed in this part of our analysis, it was difﬁcult to further associ-
ate amino acid properties with protein regulation. One explanation
for this may be that the effect of amino acids properties on the protein
regulation is likely to be less signiﬁcant compared to codon usage pat-
tern correlated translational efﬁciency changes. Another reason may
be that amino acid preference was obscured by the noise contained
in the proteomic data. To reduce the affect of interference and
noise, we have used relatively high threshold (pb0.01) to identify
the signiﬁcant differences in the current analysis. By increasing the
p-value threshold, one may identify more amino acids, but without
signiﬁcantly affecting our conclusions here. For example, alanine
can be identiﬁed at the pb0.05 level from the S. solfataricus proteomic
dataset. However, alanine cannot be associated to speciﬁc regulated
gene functions, therefore the identiﬁcation of alanine cannot be justi-
ﬁed in the proposed approach. To explore the relationship between
the amino acid properties and protein regulation, more proteomic
data is to be analyzed in the future work and integration of other
omics technique will be attempted.
One limitation of the proposed algorithm is the fact that the algo-
rithm is only sensitive to the amino acids associated with the most
signiﬁcantly regulated gene functions. For example, gene functions J
(translation; ribosomal structure and biogenesis), G (carbohydrate
transport and metabolism), K (transcription) and L (replication; re-
combination and repair) had the most signiﬁcant peaks in Fig. 2 and
only the amino acids associated with these gene functions have
been identiﬁed. Similar conclusions can be achieved from our analysis
of the S. acidocaldarius dataset. Therefore, although the proposed algo-
rithm has proved that there is a relationship between gene expression
regulation and amino acid composition and their codon usage, it still
cannot explore the amino acids correlated to all of the observed regulat-
ed gene functions. Removing the functional categories of proteins al-
ready associated with amino acids and re-performing the analysis
may tackle this limitation. Other limitations are inherited from iTRAQ's
own pitfalls, such as the tendency it has to preferentially identify and
quantify abundant proteins and issues related to ratio compression
and potential false negatives [22,26].
4. Materials and methods
4.1. Identiﬁcation and quantiﬁcation of regulated proteins
We re-analyze the published datasetsmade available online [24] for
two different Sulfolobus species, S. solfataricus and S. acidocaldarius.
Cell growth conditions, protein extraction, iTRAQ for quantitative
proteomics and data analysis (see [22] for a discussion on the
background and limitations of this experimental approach) were
performed as described in details elsewhere [24]. Brieﬂy, two different
Sulfolobus species were grown in large Petri dishes (for bioﬁlm
experiments) and in Erlenmeyer ﬂasks (for planktonic experiments),
details of growth conditions can be found elsewhere [24] (for moredetails on standard procedures of working with Sulfolobus see [27]).
Cells were harvested in the exponential phase. Proteins were extracted
using ultra-soniﬁcation (Soniﬁer 450, Branson). Total protein concentra-
tions were estimated using the RC-DC assay (Bio-Rad, UK). One hundred
micrograms of protein (per phenotype) was used for 4-plex iTRAQ anal-
ysis, with biological duplicates for bioﬁlm and planktonic conditions.
After labelling with iTRAQ reagents, labelled peptides were fractionated
on a BioLC HPLC system (Dionex, U.K.) before submitting to a QStar XL
Hybrid ESI Quadrupole time-of-ﬂight tandem mass spectrometer,
ESI-qQ-TOF–MS/MS (Applied Biosystems/MDS Sciex, Canada), coupled
with a nano-LC system (LC Packings Ultimate 3000, Dionex, U.K.).
Data from the tandem mass spectrometer were analyzed using an
in-house search algorithm Phenyx v2.6 (Genebio, Geneva) coupled
with in-house proteomic tool kits developed by our group [26,28,29]
for determination of the down-regulated, up-regulated and unregulated
proteins. The list of identiﬁed and quantiﬁed proteins is examined,
analyzed and discussed in this paper. Furthermore, the gene function
classiﬁcation of regulated proteins was performed using the Archaeal
COG Browser (http://archaea.ucsc.edu/arCOGsBrowser/) and the protein
and gene sequences were obtained from NCBI (ftp://ftp.ncbi.nih.gov/
genbank/genomes/Bacteria/). Downstream bioinformatic analysis was
performed using Matlab (2011a, Mathworks Ltd. US).
4.2. Bioinformatic analysis of proteomics data
Here, a novel bioinformatic analysismethod is proposed to explore the
relationship between protein regulation and individual amino acid
patterns. The proposedmethod consists of three parts: (1) protein regula-
tion and amino acid composition, (2) protein regulation and codon usage
pattern, and (3) amino acids and gene function expression regulation.
To investigate the relationship between protein regulation and
amino acid composition, the composition of each individual amino
acid is compared between the up-regulated, unregulated and down-
regulated groups. The composition of each amino acid in each protein
is calculated by the number of occurrences of the amino acid in the pro-
tein divided by the protein length. The signiﬁcantly different median
compositions between two groups are identiﬁed by pb0.01 using the
Wilcoxon rank sum test [30]. In our analysis, we will only consider the
amino acids with median compositions that are signiﬁcantly different
in one regulated group compared to the other two groupswhile theme-
dian compositions of the other two groups is considered not to be sig-
niﬁcantly different. This guarantees that we only identify those amino
acids whose composition patterns are speciﬁc to one regulated group.
The results are not affected by the normalization of the amino acid com-
positions by the amino acid frequency in the entire protein dataset, this
is because the proposed algorithm is insensitive to the normalization or
any linear transformations.
Furthermore, the relationship between the codon usage pattern of
individual amino acid and protein regulation is investigated. The
codon usage pattern of an amino acid in a protein is represented as
the usage frequency of each codon coding for it. For example, the fre-
quency of the codon usage of aspartic acid in the S. acidocaldarius pro-
tein Saci_0024 is 70% (GAT) and 30% (GAC). The relationship is
quantiﬁed by using a linear regression model largely applied in bioin-
formatic analyses [31] (more details of the linear regression model
used in this work are provided in Appendix A). For each amino
acid, individual models are constructed for each group of proteins
(up-regulated, unregulated or down-regulated groups). First, a linear
regression model is constructed using the frequencies of the codon
usage (as the predictors) and the corresponding observed quantiﬁca-
tions of protein relative expression level (as the response). Then,
estimates of the protein relative expression level are predicted
using the frequencies of codon usage and the constructed linear re-
gression model. Finally, the coefﬁcient of determination (R2) is used
to quantify the correlation between the predicted and the observed
quantiﬁcations protein relative expression level. The R2 values
244 X. Zou et al. / Genomics 100 (2012) 240–244obtained from the three groups using the codon usage pattern of each
individual amino acid are compared. A group with a larger R2 indi-
cates that the codon usage pattern of the amino acid is more correlat-
ed with protein regulation.
In order to compare the R2 values, the same number of proteins is
selected from the up-regulated, unregulated and down-regulated
groups, respectively. To sample all proteins in the proteomic dataset,
the calculation is performed in an iterative way. For every iteration, a
subset containing the required number of randomly selected proteins
(90% of the size of the smallest group) is used for each group.We then
count the number of times the following criteria are met for each
amino acid: (1) the obtained R2 for one of the regulated groups is
much (four times in our case) larger than the other two groups, (2)
the p-value of the largest R2 is small enough (pb0.01), (3) the nor-
malized R2 is larger than 10% (the contribution from this amino acid
is more than 10% among all amino acids). A thousand iterations are
performed. Only those most frequently identiﬁed amino acids will
be considered to be correlated with protein regulation.
Finally, the identiﬁed amino acids are associatedwith the regulation
of functional groups of proteins. The gene function distributions of the
proteins being either rich or poor (in terms of amino acid composition)
in the identiﬁed amino acids are plotted for the corresponding up- or
down-regulated groups. The obtained gene function distributions are
compared with that obtained from all of the regulated proteins. Those
gene functions that are conserved when considering the amino acid
richness are associated with the amino acids.
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